This paper forecasts demand for long-term care based on multistate piecewise constant Markov process. Two types of data are mainly used in this study. The first type of data came from the Chinese Longitudinal Healthy Longevity Survey (CLHLS), [2008][2009][2010][2011]. The second type of data came from the China's Demographic Yearbook of 2016, used as the number of population in the base period. It finds that the changes in health have a significant difference in gender and age. It also finds that under different health states, the distribution of duration of staying in each state in different gender and age groups shows a characteristic similar to the distribution of population size.
Introduction
Long-term care means "providing care, including medical care, social care, home care, transportation or other support ser vices for people with a chronic disease or dysfunction under disability within a long period" 1 . Due to illness, disability, function decline or other reasons, the aged population becomes the main group with a demand for long-term care. According to the sixth national census data, the ratio of the elderly aged 60 and above who cannot care for themselves in China is nearly 3% (Bao, 2015) . Moreover, with the increase of life expectancy and the decline of fertility level, China's aging population shows a high-speed and advanced-age trend. The aging rate is averagely increased by 0.34 every year from 2010 to 2025, and the ratio of the aged population is increased from 8.9% to 14%, which reflects a serious aging problem (Wei, Shanjun, & Chen, 2014) . In the meantime, aging is associated with family miniaturization. According to the sixth national census data, the average number of members in each family is 3.10 in China, and the average number of members in each urban family is only 2.87. However, the number of members in each urban family was 3.50 in 1990 (Hongwei, 2015) . Family miniaturization causes the weakening of traditional family-based elderly support function and the aging of population, and the combination of the two brings a severe challenge to China's pension system. As China's current social welfare and social security system are unable to solve the long-term care problem for most elderly people, the establishment of a long-term care security system is an inevitable choice for coping with aging. So far, China's long-term care security system is in the exploration stage. This study is aimed to research the actuarial basis of the long-term care security system, i.e., the evolvement rule and transition probability of health state, and to forecast such issues as the population size required for long-term care, and the long-term care time in China in the future so as to provide experience for exploring China's long-term care security system for the elderly.
The forecasting methods of the demand for long-term care are divided into macro scenario simulation forecasting and micro simulation data forecasting. Macro scenario simulation means constructing scenarios by setting different parameters of key factors, then speculating the demands for long-term care in different scenarios. There is a difference in the factor selection and setting of different documents. Overall, factor selection includes the factors reflecting macro socio-economic state and the factors at the micro individual level. Comas-Herrera et al. (2006) took the lead in applying a simulation method to forecast the demand for long-term care in four European countries, and found that the demand for long-term care is highly sensitive to living standard, health state, nursing cost, as well as the availability of family or friend care; (Costa-Font et al., 2008) used the data provided by the actuarial department to forecast the demand for long-term care from 2005 to 2031 in his research on the UK, and found that the selection of such parameters as marital state, family members' dwelling state and degree of disability has a great influence on the forecasting. Costa-Font et al. (2008) constructed the PSSRU model, and forecasted the population with a demand for long-term care in the future by simulating the number of population under different circumstances and multiplying it by the ratio of the current population under long-term care to the total population ; Minglai, (2009) and Yi, Huashuai, & Zhenglian (2012) speculated the number of the elderly needing long-term care based on the same method. Zeng Yi utilized the geometric growth rate of long-term care population on a period-on-period basis (Yi et al., 2012) . The key factors of this method in simulation are birth rate and death rate. The results of macro simulation greatly rely on the selection and setting of parameters. Comas-Herrera et al. (2012) used the analytic hierarchy process to verify this conclusion by selecting different factors.
Micro simulation forecasting is based on micro survey data to follow up the evolution track of health state of the elderly. First, the transition probability matrix of different health state is constructed, and then the Markov process is utilized for forecasting. The key of this method is the construction of the transition probability matrix and the application of Markov process. Rickayzen & Walsh (2002) took the lead in applying Markov process to the forecasting of demand for long-term care, and divided the calculation of the transition probability matrix into two parts. First, the ratio of population under each state at the beginning of the period to the total population is used as the base period probability; then the base period probability is adjusted according to the variation trend of health state to obtain the probability of the next year so as to calculate the transition probabilities of the forecast period in sequence. Hare, Alimadad, Dodd, Ferguson, & Rutherford (2009) obtained the transition probability by fitting through the construction of a regression model based on the factors influencing the demand for long-term care in his research on the long-term care of the UK, and his research data came from medical departments and individual surveys. Based on the same regression method, Chahed, Demir, Chaussalet, Millard, & Toffa (2011) used the health state transition data of patients in London from 2008 to 2011 , and Peng, Ling, & Qun (2010 utilized the health state survey data of China's aged population to construct the transition probability matrix of corresponding regions, and forecasted the elderly people's demand for longterm care under Markov time invariant hypothesis; In the research by Rong (2009) in China, the transition probability is borrowed from the national long-term care survey & research results of the USA; Feng & Chunjie (2012) and Hongwei (2015) respectively established a mortality probability model and a health state transition model through logit and ordinal logit regression models, and assumed that the health transition probability matrix is unchanged during the forecasting when applying the Markov process method.
In the comparison between the two forecasting methods, as macro scenario simulation is restricted by the selection and hypothesis of numerous key factors, the forecasting model based on micro data is relatively dominant in the case of data available. The "Chinese Longitudinal Healthy Longevity Survey" (CLHLS) program conducted by the Center for Healthy Aging and Development Studies, Peking University, has made some progress for the domestic research based on micro forecasting, but still has some room for improvement in application. First, in the aspect of the construction of the transition probability matrix, the direct borrowing of the overseas transition probability or the simple period-on-period method has low precision, which cannot meet the design requirement of the insurance system. The multiple regression model construction method is a more common method. But the complicated, diversified and multidimensional characteristics of changes in health state add diversity and subjectivity to the selection of explanator y variables in the regression model. Therefore, in the case of data available, only constructing the transition probability based on the tracking data can better capture the dynamic evolution of the health state of the elderly. Second, in the aspect of the time invariant hypothesis of Markov process, the nature of time invariant hypothesis is that the transition intensity is an invariant constant, and the transition probability is only related to time interval, but unrelated to its time point. This hypothesis is convenient for the expression of the transition probability function. However, the changes in health state are related to age. People of different ages have different changes in health, i.e., the transition probability is related to the time point. Thus, the time invariant hypothesis of Markov process is improper. Third, there are only few researches on the forecasting of time required for long-term care, and the expressions in existing literature are unclear, but the time required for long-term care and the population size thereof are also the key to forecasting the cost of long-term care.
In this regard, based on the micro simulation forecasting method, the changes in health state before and after the observation period of samples in the CLHLS survey program are tracked in this paper, and the actuarial method is adopted to construct the transition probability matrix to avoid the subjectivity of variable selection in regression analysis; the Markov process method with transition intensities as piecewise constants and matrix multiplication by age is adopted to forecast the number of long-term care population, and to overcome the defect of Markov time invariant hypothesis not in conformity with the reality; on this basis, the expected time required for long-term care is forecasted based on the actuarial theory of life insurance. Considering that the micro simulation forecasting loses the reliability of medium and long-term forecast due to model refinement and forecast precision advantages, this paper is focused on forecasting the demand size of ten-year long-term care and the time duration required for long-term care.
Research Method

Data source and concept definition
Two types of data are mainly used in this study. The first type of data came from the CLHLS (2008) (2009) (2010) (2011) . This survey was carried out in 22 provinces of China, and related data were collected by means of questionnaire interviews in each household. Hundreds of scholars at home and abroad have registered for free use of CLHLS, the data quality of which is good and has been widely accepted by the academic circles. In this study, the elderly people aged 60 and above in the tracking survey samples were the objects of study. After the observed value lacking key information and the data unavailable for follow-up tracking were removed, the number of effective samples were 15,964, and the male to female ratio was 0.93:1. The CLHLS data were used to calculate the transition probability matrix and reckon the ratio of the population in each health state to the total population in the base period. The second type of data came from the China's Demographic Yearbook of 2016, used as the number of population in the base period.
In this study, the definition of nursing state is subject to the ADLs (activities of daily living) independence criterion widely used in the academic circles. According to the criterion, in case that a person needs help from others in one or more of the six items reflecting the activities of daily living of the elderly (bathing, dressing, indoor mobility, getting to the toilet, self-feeding, urine & feces control), it is defined as self-care disability; if a person has three or more daily activity disorders, such person is deemed to need longterm care. Besides, considering that one of the objectives of this study is providing a basis for the long-term care security system, cognitive impairment is also defined as self-care disability so as to enable the definition of long-term care state to be consistent with the long-term care security system. In CLHLS, the respondents' health state is investigated from multiple dimensions. In addition to the six items of ADLs, the eight indexes reflecting the instrumental activities of daily living (IADLs) of the elderly are collected as well, including dropping in on neighbors, 5kg weightlifting, bathing, cooking, and so on. If a respondent is unable to complete a daily activity without the sustained help from others, such respondent is deemed to lose the activity of daily living. Moreover, in the survey, the Chinese version of simple cognitive function scale conforming to China's cultural traditions and socio-economic state is used to measure the cognitive function of the elderly. The simple scale includes such aspects as direction positioning ability, reaction ability, attention, calculative ability, recalling ability, as well as language, understanding and selfcoordination ability, and covers 24 questions and 30 points in total. The scoring method is used in CLHLS, wherein, the ability to complete an activity or a correct answer will add 1 point for the respondent.
To sum up, health state is divided into four types in this study, respectively, 1 health, 2 health impairment, 3 dysfunction and 4 death, among which, 1, 2 and 3 belong to transition states, i.e., the states are interchangeable; 4 is the absorption state, i.e., 1, 2 and 3 can be transferred to 4, but 4 cannot be transferred to others. The definition of health state is based on three indexes, namely, ADLs, IADLs and cognitive ability. If a person has no disorder in none of the three, such person is deemed to in a health state 1. If a person has three or more than three daily activity disorders, i.e., the ADLs score is larger or equal to 3 points or the cognitive function score is below 16 points (30 points in total), the person is deemed to be in the state of dysfunction 3, namely, the state of needing long-term care. The complementary state is deemed as health impairment state, i.e., a certain disorder exists, but does not reach the state 2 of needing long-term care.
Mechanism analysis of Markov process
With the help of the multi-state model in long-term health insurance actuarial science, a four-state probability transition model is adopted pursuant to the above definition in this paper. Defining random process { ( ). ≥ 0}: the value of S(x + t) represents the health state when the variable is x + t, and the health state space is {1, 2, 3, 4}, wherein, 4 is the absorption state.
Defining transition probability:
, it represents that the state is when at time ; it is transformed into probability at time + ; it is deemed as one-step transition probability 1 ij x p when t = 1. The treatment method of the multi-state transition probability model is the Markov process.
Markov process
A Markov process refers to a set of random variables { ( ), ∈ } relying on the variable parameter , the set of all possible values of the variable parameter t is known as a parameter space, and the value of ( ) constitutes the state space of a stochastic process. If it is known that the time system is under a state condition, when the state of the time ( > ) is unrelated to the previous state of the time , this process is a Markov process.
In this paper, the four-state probability transition model can be regarded as a Markov process with discrete and discrete. is a set of ages, and represents four health states. In other words, the transition probability of health states is only related to the state before transition, which can be expressed as the following mathematical symbol:
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Transition probability matrix and transition intensity matrix States 1, 2 and 3 are transferable states while state 4 is the absorption state. The transition probability meets the Chapman-Kolmogorov equation:
For different , i.e., different ages in this paper, with different transition probabilities, the transition probabilities of different ages are expressed as matrixes. The one-step transition probability is denoted as matrix (1); the -step transition probability matrix is ( ). According to Equation (2),
Where, ( ) (1) represents the one-step transition matrix at time + − 1.
When the transition probability is only related to the initial state i and the arrival state , but unrelated to the initial time , the Marko chain has a stationary transition probability, also known as time-homogeneous transition probability. Transition intensity represents the instantaneous transition of state, which is denoted as:
From this, the relation between transition intensity and transition probability can be inferred:
When the transition intensity is the constant  :
Under the time invariant hypothesis, transition probability and transition intensity meet Kolmogorov forward differential equation:
, see the appendix for the specific equation.
Markov process method with transition intensity as piecewise constant
The nature of the Markov process time invariant hypothesis is that the transition intensity is an invariant constant, i.e., the time interval of state transition is subject to exponential distribution, and the state transition probability is only related to the time interval, but unrelated to the time point. This hypothesis is convenient for the expression of a transition probability function, but is improper in many applications. For example, if we assume that the health state transition probability is time-homogeneous, it means that no matter 60, 70 or 80, as long as the time intervals of transition observed are the same, the health state transition probabilities are the same. In other words, the people aged 60, 70 or 80 have the same changes in health state within the following equal time, which is apparently not in conformity with the reality. Therefore, based on the non-homogeneous characteristic of transition intensity varying with age, the forecasting method with transition intensity as a piecewise constant is adopted so as to maintain the easy controllability of constant transition intensity in this paper. That is to say, a given forecast interval (s,t) is divided into m short intervals. We assume that the transition intensity of each short interval is a constant, but the transition intensities of the m short intervals are different. In the process of calculating the transition probabilities of (s,t) the transition intensity of each short interval is calculated first, then the transition intensity of this short interval, finally the transition probability matrix of the entire interval.
A ten-year transition probability matrix is forecasted in this paper. It is divided into ten intervals on a yearly basis. We assume that the transition intensity every year is a constant 2 , but the transition intensities in different years are different. Then according to Equation (3), the future ten-year transition probability matrix can be expressed as:
It should be noted that unlike the time invariant hypothesis, , … here, i.e., the transition probabilities of all intervals, are unequal to one another. Theoretically, we might track the health state transition of samples every year to obtain ten section matrixes for multiplication, but it is actually infeasible and unnecessary for short and medium-term forecasting 3 . For the section matrix of health transition of each age group obtained by the utilization of samples, dislocation multiplication is applied during forecasting. For the forecasting of the future 10-year health transition probability of people aged ( ), we assume that each year is a short interval, then we can apply the transition probability of age ( ) in the section data to the first interval, the transition probability of age ( + 1) in the section data to the second interval, the transition probability of age ( + 2) in the section data to the third interval. It should be also noted that , etc. are one-year transition probabilities, and the three-year transition probabilities are obtained according to CLHLS survey data from 2008 to 2011. Therefore, the one-year transition intensities and one-year transition probabilities need to be obtained pursuant to Equation (5), and then substituted into Equation (6).
Expected time of state transition and duration
State duration means the time ( ) of state transitioning to and remaining in state. The expected time is expressed as ( ( )). For example, if it is forecasted that a person aged 60 is in a health state, then the expected time of the state transitioning to and remaining in disability state from age 60 to 70 is ( (60)). According to the actuarial theory 4 , the value can be given by the following equation (for more specific derivation, see the annex): ( (60)
Where, is a nonnegative integer, = 1,2,3; = 1,2,3; = 1,2,3,4, 2 As long-term care often results from chronic and long-term diseases, it is reasonable to set the health transition probability within one year as a constant (the explanation comes from Health Insurance, exam book required by the China Association of Actuaries). 3 In the short to medium-term, the macro-environment has an insignificant impact on health (Zeng Yi). 4 See Actuarial Principles To simplify the above equation, the aforesaid hypothesis is followed, i.e., the transition intensity or transition probability is a constant within one year, and initial and final states are only considered in state changes within one year, irrespective of the mutual transformation state in the middle period. For instance, if the initial state is 1, the mid-year state is changed to 2 and the year-end state is changed to 3, then we can denote the state changes as 1 to 3 5 . Hence, in the following equation: 60 1 60 60 1 60 0
When Equation (8) is substituted into Equation (7), Equation (7) 
Equation (9) is applicable to the estimation of average time of any age, health state and forecast interval.
Results and Discussion
Three-year health state transition probability matrix
As the sample data are three-year tracking survey data, the three-year health state transition probability matrix is calculated first. Table 1 is the three-year health state transition probability matrix of different ages and genders completed with SPSS software based on the CLHLS survey data from 2008 to 2011. In the process of sorting data, considering that age and gender are important influencing factors of health state, first, the samples are classified by age and gender. Every five years is an age group (if every age is a group, more accurate results will be obtained, but there will be too many data. Moreover, when there is only a small age difference, the transition probability difference will be insignificant). Each individual of each category is classified as different health state according to the definition standard of health state, then, the health states of individuals in different states at the end of the period are tracked in each category so as to calculate the ratio of the number of people in each state at the end of the period to that at the beginning of the period, which can be counted as the corresponding three-year transition probability. As shown in Table 1 , the samples are classified into different groups by age and gender, and each group is divided into different state. The data at the intersection represents the corresponding state transition probability. For instance, among the elderly men aged 60-64 who are in State 1 (i.e., health) at the beginning of the period, the ratio of the elderly men remaining in State 1 at the end of the period is 0.7867; the ratio of the elderly men in State 2 is 0.14; the ratio of the elderly men in State 3 is 0.0067; the ratio of the elderly men in State 4 (i.e., death) is 0.0666. Similarly, among the elderly men aged 60-64 who are in State 2 at the beginning of the period, the ratio of the elderly men in State 1 at the end of the period is 0.6444; the ratio of the elderly men in State 2 is 0.3011; the ratio of the elderly men in State 3 is 0.0222; the ratio of the elderly men in State 4 (i.e., death) is 0.0323. The remaining data have the same meaning.
In order to observe the impact of age and gender on health state in a more intuitive way and support the grouping standard in this paper, Fig.1 and Fig.2 are drawn according to the data in Table 1 . Seen from the trend of each figure, no matter how the initial state is, disability probability and death probability both progressively increase with age 6 . The decline in people aged above 90 in Fig. 1b and the people aged above 85 in Fig. 1c is due to the sharp increase of the mortality risk in the period. This figure re-illustrates that it is inconsistent with the reality to set the transition probability as a constant in the entire forecast period. Seen from all figures, there is a significant difference in the transition probabilities between men and women. In Fig.1 , the disability transition probability of men in the same initial state and the same age group is smaller than that of women, especially the men aged 75-79 in Fig.1b and the men aged 70-84 in Fig.1c , who have a significant health advantage. As shown in Fig.2 , the death probability of men is larger than that of women on the whole, especially the people aged 85-89 in Fig. 2b and the people aged 70-79 in Fig. 2c , who have a significant difference. This phenomenon forms a complementary explanation with Fig.1 , with a large disability probability and a small death probability; a small disability probability and a large death probability respectively. Certainly, the two are not linearly related or equal to 1. But, no matter in State 2 or 3, the people in the age group have a fairly low possibility of transition to health. Thus, it can be concluded: the intensified aging, increased aged population, prolonged life expectancy and increased ratio of aged population in the future will certainly bring an increase of the demand for long-term care; compared to men, women have a high disability probability and a low death rate, resulting in a severer situation of women's demand for longterm care. The future demand size for long-term care is our next content. Due to the restriction on forecasting hypothesis, we only forecast the demand for long-term care in the next 10 years. One-year transition probability matrix
The three-year transition probability matrix (3) is obtained in Table 1 . To calculate one-year transition probabilities, we may conduct a staged time invariant hypothesis, i.e., assuming that the transition probability intensity of each category within the three years is a constant to reversely calculate (1) according to Equation (3). In this paper, mathematic programming is utilized to calculate the transition intensity, then to calculate the one-year transition probability matrix. Due to limited space, the matrix is not listed in the text. Please refer to Table 1 in the Appendix.
Ten-year transition probability matrix of piecewise constant transition intensities
In accordance with the one-year transition probability matrix, the transition probability in each category and different state after any period can be calculated via Equation (5). However, due to the complexity of health state transition, only ten-year forecasting is carried out in this study, and each five years is still used as an age unit in each category, e.g., the forecasting of probabilities of healthy men (State 1) aged 60-64 in States 1, 2, 3 and 4 ten years later. As each age group is on a five-year basis, with a forecast period of ten years, the forecast period is divided into two parts. The transition probability of the age group in Table 2 is applied in the first 5 years, and the transition probability of the next age group is applied in the last 5 years. For instance, for the forecasting of the ten-year transition probability matrix of people aged 60-64, the transition probability every year in the first five years is the one-year transition probability of the age group of 60-64; then 5 years later, the people aged 60-64 enter the age group of 65-69, so, the one-year transition probability matrix of the age group of 65-69 is adopted in the last 5 years 7 . In the meantime, it is assumed that the transition probability matrix every year in the five years meets time homogeneity.~(1) represents the one-year transition probability of the age group of 60-64;~(1) represents the one-year transition probability of the age group of 65-69. Then, the ten-year transition probability of the age group of 60-64 is~(10) = (~(1)) . (~(1) ) . The calculation methods of the remaining groups are the same. The people aged 95+ have a fairly low survival rate, so it is assumed that they are in State 4. In this way, the ten-year transition probability matrix of each group is obtained by means of programming calculation, as shown in Table 2 . Seem from the table, the ratio of healthy men in the age group of [60 64] who remain healthy ten years later is 0.4980; the ratio of health impairment is 0.2514; the probability of dysfunction is 0.0441; the death probability is 0.2065. The remaining groups have the same meaning. According to Table 3 , we can conclude that compared to women, men still have a health advantage; regardless of the initial state, men's probability of transitioning to health ten years later is larger than women's probability; however, after the age 70, men's health advantage is gradually weakened, and there is no significant difference between men and women after age 80 (Fig.3) . As it is ten-year forecasting, the people at the age of 70 now will be at the age of 80 ten years later, and the men at the age of 80 above have no significant health advantage compared to women, which conforms to the previous results. Next, we will focus on the probability of transition to disability state in a ten-year period. Fig.4 provides a comparison among the ten-year transition probabilities from different states to disability state. According to the figure, we can see that under three states, women's probability of transition to disability 3 (any age group) is larger than men's probability. In the age group of 70-74, the difference reaches the maximum value. In other words, the ratio of women aged from 75 to 79 needing long-term care is significantly larger than that of men. The inverted ushaped difference is because that men blow the age of 70-74 has a health advantage (as shown in Fig.3) , and the death rate of men above the age of 75 is higher than that of women, as shown in Fig. 4 . The number of population in the base period multiplied by corresponding ratio vector is the heath state population vector of different age groups in the base period. The ratio of men at the age of 60-64 to healthy people in samples multiplied by the total number of men at the age of 60-64 is the number of men aged 60-64 in the health state (i.e., State 1) in the base period. The rest are similar. According to the definitions of health state and standard in this paper, the ratio (6.6%) of disabled population at and above the age of 60 is calculated 8 . Due to limited space, the number of population of each group in the base period is shown in Table 2 of the Appendix.
The health state population vector of each age group in the base period multiplied by the corresponding ten-year transition probability matrix is the number of population in each state ten years later, as shown in the table below. The datum 302672 in the table shows that among the men at the age of 60-64, 8 The ratio is higher than the result 6.25% forecasted by the Research Team of the China Research Center on Aging (2011). It may be because of different definitions of the disability state. The definition of disability state in this paper includes the cognitive impairment with a score below 18. the number of healthy population is 302,672 ten years later; the number of population with health impairment is 154,248; the number of population with a dysfunction (with a demand for long-term care) is 27,471; the number of deaths is 120,534. The rest are similar. The original age group of 95+ enters the age group of 105+ ten years later. It is presumed that they are all in the death state, so they are not included in the table. The data in the table show that the number of healthy old men is more than that of women in the same age group. Moreover, the number of female deaths is more than that of male deaths before the age of 80-84, because the population size of old men in the later period is reduced, which indicates that men have a heath advantage and a survival disadvantage. Seen from the age distribution of disabled population size, the number of old men and women shows a phenomenon of increasing first and decreasing later, and the number of the disabled elderly in the age group of 65-69 is the largest. Fig.5 and Fig.6 respectively provide the population size comparison diagram of disabled men before and after the ten-year period, as well as the population size comparison diagram of disabled women before and after the ten-year period. The two figures show the changes in the number of disabled population within ten years. A comparison of the same age before and after a ten-year period is made, e.g., the comparison between the number of disabled population at the age of 70-74 at present and that at the age of 70-74 ten years later. In the process of data processing, as the first age group of samples is 60-64, corresponding to 70-74 ten years later, the forecasted number of disabled population in the age group of 70-74 is compared with the current number of disabled population in the age group of 70-74. The rest can be compared in a similar fashion. The three age groups of 85-89, 90-94 and 95+ will enter the 95+ age group ten years later, so the sum of the three group data is compared with the data of the 95+ age group.
Comparison of disabled population size before and after the ten-year period
Seen from the figures, compared to the number of disabled population in the base period, the number of both men and women in all age groups is increased to different extent, wherein, the number of disabled population in the age group of 75-80 is increased significantly; the number of male disabled population is 1.5 times the number in the base period; the number of female disabled population is 1.57 times the number in the base period; the total number of disabled population is 1.53 times the number in the base period 9 . Seen from the age characteristics of the disabled population changes, the disabled population from the age group of 70-75 to the age group of 75-80 shows a progressive increase, reaches the maximum change in the age group of 80-85, and begins showing a downtrend at the age of 85+. Fig.7 depicts a gender contrast of the number of disabled population. Seen from the figure, the number of disabled old women in all age groups is more than that of disabled old men, and the total number of disabled women is 2.06 times that of disabled men. 
Estimation of Expected Time Required for Long-Term Care
For the study of long-term care, in addition to estimating the probability and population size of disability, we also need to estimate the duration of disability (if any). Thus, the average time of each group transferred to and remaining in the target state in the future ten years is forecasted. Likewise, as the original 95+ age group enters the 105+ age group ten years later, it is presumed that they are all in the death state. The data of the group are not included in the table. Based on Equation 8, the duration of each state is obtained as shown in According to the data in the table, the distribution of old men remaining healthy in the same age group and the same state in the future is completely different from that of women. In each age group and each initial state, the duration of old men in health state 1 is longer than that of women, which shows that men have a health advantage; besides, the duration of men in the death state is longer than that of women (except the women aged 90 above whose initial health state is State 1), which shows that women have a survival advantage. For further observation, the duration of staying in the disability state of different ages, different genders and different states is shown in Fig.8 . Fig.8 shows that regardless of the initial state and genders, the duration of disability has no linear correlation with age. On the whole, it shows an increase first and a slow decrease later. In the age group of 70-85, the average time required for long-term care is relatively longer. In a comparison among Fig. 8a, Fig.  8b and Fig. 8c, Fig. 8c shows the longest duration of disability at the same age, and Fig.8a shows a smaller duration, so the elderly who are in poor health initially have an urgent demand for long-term care; for the comparison of duration of disability between different genders, the average time of old women needing long- term care is longer than that of old men, regardless of their states and age groups, and the difference is significant in the age groups of 70-75 above, until the age group of 90-95 as shown in Fig. 8b . Therefore, on the whole, the women around the ages of 70-85 who are in poor health initially constitute the major group with a demand for long-term care in the future.
Conclusion
In this paper, the survey data of CLHLS from 2008 to 2011 are utilized to investigate the dynamic evolution process of the health state of the elderly. According to the activities of daily living, instrumental activities of daily living and cognitive ability of the elderly, the health state of the elderly is divided into three types, namely, health, health impairment and dysfunction, and the people with a dysfunction are the major group needing long-term care as defined in this paper. Based on the Markov theory, tracking survey data are used to construct probability transition matrixes in this paper. Considering the age characteristics of changes in health states, the piecewise constant Markov process method is adopted to forecast the population size of different states in the future, and the time of transitioning to and remaining in each state is forecasted as well based on the actuarial method. According to the research results: (1) the changes in health have a significant difference in gender and age. Compared to men, old women have a significant survival advantage; compared to women, old men have a health advantage. The superposition of the two enables the number of disabled women of different ages to be around 2 times the number of disabled men in 2026, and the difference reaches the maximum value in the age group of 70-80. The mortality risk and the health risk are increased with the growth of age and the worsening of the initial health state. As a result, the people who are in poor health initially have a bigger possibility of needing long-term care. (2) Under different health states, the distribution of duration of staying in each state in different gender and age groups shows a characteristic similar to the distribution of population size. In the event that other conditions are the same, the duration of men staying healthy is longer than that of women, with a significant health advantage; the duration of men in the death state is longer than that women, which shows women have a survival advantage; the duration of men staying in disability is shorter than that of women; disability duration shows a nonlinear change with age. On the whole, it shows a trend of increasing first and progressively decreasing later. The duration of disability in the age groups of 70-85 is relatively long. As the disability duration is related to the initial health state, the people who are in poor health initially have a longer duration of disability.
Population aging is a global yet irreversible phenomenon. As China has the largest number of aged population in the world, accompanied by miniaturized and hollow family size, the long-term care for the aged population not only adds a financial burden to families, but also forms a huge recessive aging debt of a country in the future. Boosting the long-term security system for the elderly is not only the huge progress in aging and social security undertakings made by a country, but also an inevitable strategic choice for a country to cope with population aging. This study contributes to the understanding and recognition of the natural law of body function changes of the elderly, helps policymakers to plan and prepare medical and nursing services required by the elderly, and is beneficial to the accumulation of basic information for the construction of China's long-term care security system for the elderly, thereby, providing a decision basis for the government to develop an aging strategy. , as there are only a few individual sample data, probability transition has certain instability. However, it has little influence on the ten-year forecasting, because ten years later, people in the two age groups are all above the age of 100. It is presumed that they are in the death state. 
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